We develop uncertainty indices for the United States and Australia based on freely accessible, real time Google Trends data. Our Google Trends Uncertainty (GTU) indices are found to be positively correlated to a variety of alternative proxies for uncertainty available for these two countries. VAR investigations document an economically and statistically signi…cant contribution to unemployment dynamics by GTU shocks in the United States. In contrast, the contribution of GTU shocks to unemployment dynamics in Australia is found to be much milder and substantially lower than that of monetary policy shocks.
Introduction
"While there has been substantial progress, a range of questions remain open around the measurement, cause, and e¤ect of uncertainty, making this a fertile area of research." (Nicholas Bloom, Stanford University, Journal of Economic Perspectives, 28(2), 2014, p. 154) This paper constructs Google Trends-based uncertainty indices (GTU indices henceforth) for the United States and Australia. These indices are based on uncertaintyrelated keywords frequently mentioned in reference economic documents like the Federal Reserve's Beige Book for the United States and the Reserve Bank's Monetary Policy Statement for Australia. These documents gather information on current economic conditions based on interviews with key business contacts, economists, and market experts (among other sources). Hence, they are likely to be a good proxy of entrepreneurs' uncertainty as regards future business conditions.
The choice of developing an uncertainty measure for the United States enables us to validate our novel index by comparing it with a large number of alternative proxies for uncertainty recently proposed by the literature. Moreover, the U.S. economy experienced a severe recession in 2007-09, and it hit the zero lower bound (ZLB) in December 2008, where it remained for seven years. Recent contributions document that recessions and the ZLB may have indeed magni…ed the negative real e¤ects of uncertainty shocks in the United States (see Nodari (2014) , Caggiano, Castelnuovo, and Groshenny (2014) , Caggiano, Castelnuovo, and Nodari (2017) , and Caggiano, Castelnuovo, and Figueres (2017) for the role played by recessions, and Basu and Bundick (2017) and Caggiano, Castelnuovo, and Pellegrino (2017) for that of the ZLB). Di¤erently, Australia is the only industrialized country belonging to the G10 which has not experienced a recession since 1991, and its policy rate has never hit the zero lower bound in recent times. 1 Hence, it represents an interesting laboratory to quantify the real e¤ects of uncertainty shocks -identi…ed with unexpected changes of our novel GTU index -and contrast them with the U.S.-related results.
We …nd our GTU measures to be positively correlated with existing measures of uncertainty. According to our VAR investigations, GTU shocks are signi…cant drivers of unemployment and prices in the United States, with a contribution larger than that provided by monetary policy shocks. By contrast, GTU shocks play a minor role as drivers of the Australian unemployment. The di¤erence in these results possibly 1 The dating of the business cycle for a number of industrialized countries is available at the Economic Cycle Research Institute's webpage: https://www.businesscycle.com/ . highlights the role played by the 2007-09 great recession and the ZLB in magnifying the e¤ects of uncertainty shocks.
Google Trends data are freely available in real time. The …rst characteristic facilitates the replicability of scienti…c analysis, while the second one is consistent with the idea of constructing leading indicators, which is relevant for sharpening the identi…cation of causal relationships. Ginsberg, Mohebbi, Patel, Brammer, Smoliski, and Brilliant (2009) use Google Trends data to predict in ‡uenza epidemics in the United
States. Turning to economics, Choi and Varian (2012) exploit relevant search terms to predict car sales, unemployment claims, travel destination planning and consumer con…dence. Baker and Fradkin (2017) use Google Trends data to compute a measure of job search to investigate the relation between unemployment insurance and job search in the United States. D'Amuri and Marcucci (2017) employ Google job searches and show that the Google Trends-based indicator they construct is the best leading indicator for the U.S. unemployment rate. Our paper focuses on the construction of uncertainty indices with Google Trends data.
While writing this paper, we became aware of a contribution by Bontempi, Golinelli, and Squadrani (2016) . They construct an index of economic uncertainty for the United States using Google Trends data, contrast it with alternative measures of uncertainty, and use their measure in a VAR context to analyze the contribution of uncertainty shocks for the dynamics of employment and industrial production. With respect to them, we develop an uncertainty index also for Australia, focus on the unemployment rate as business cycle indicator given its central role for policymakers, and contrasts the role played by uncertainty shocks with that played by monetary policy shocks, which have been shown to have an in ‡uence on proxies of uncertainty (Pellegrino, 2017) . Our contribution is also close to Baker, Bloom, and Davis (2016) , who construct an index of economic policy uncertainty (EPU) for a number of countries including the United States and Australia by searching uncertainty-related keywords conditional on a set of widely read country-speci…c newspapers, and to Moore (2017) , who constructs an index of economic uncertainty for Australia based on keywords searches conditional on a set of Australian newspapers. 2 We construct novel indices of uncertainty with a similar keyword-related search strategy but conditional on the freely available Google Trends database. The structure of the paper is the following. Section 2 o¤ers a brief presentation of our GTU index. Section 3 documents our VAR-related …ndings. Section 4 concludes.
GTU index
Construction of the GTU index. The construction of Google Trends uncertainty indices is based on the assumption that economic agents, represented by Internet users, look for online information when they are uncertain. This assumption implies that the search frequency of terms that may be associated to future, uncertain events is high when the level of uncertainty is high. To construct our country-speci…c indices,
we proceed as follows. First, we subjectively select a broad set of keywords that are often cited in the Federal Reserve's Beige Book for the U.S. and the Reserve Bank's Statement on Monetary Policy in correspondence of uncertainties about future economic conditions. Examples of these words are "bankruptcy", "stock market", "economic reforms", "debt stabilization". Conditional on a given geographical area, which is, the United States for the U.S. GTU index and Australia for the Australian index, we then use Google Trends to recover the search frequency of each of these words in the sample of interest. Then, we aggregate the outcome of all individual searches per each month at a country level, therefore obtaining our GTU indices. 3 Our Appendix o¤ers a detailed explanation on the construction of our indices. As anticipated in the Introduction, given the nature of the search term, the GTU indices are interpreted as measures of business uncertainty. Figure 1 shows the evolution of our indices for the United States and Australia. The major spikes in the U.S. index are associated with terms like "United States Congress", "bankruptcy", "White House", "stock market", "health care reform", "debt ceiling". Unsurprisingly, these terms are related to policy decisions or events a¤ecting …nancial markets that are likely to inject uncertainty in the economic system and, therefore, suggest a pause in investment and a fall in labor demand by entrepreneurs. Similarly, spikes in the index for Australia are associated to words like "exchange rate", "United States dollar", "Euro", "loan", and "Australian Security Exchange", which are naturally connected with entrepreneurs' decisions.
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Correlation with existing measures of uncertainty. Table 1 shows the cor-relation between the U.S. GTU index and a variety of di¤erent proxies for uncertainty proposed in the literature and available at monthly frequency. We consider the VXO used by Bloom (2009) ; the EPU index constructed by Baker, Bloom, and Davis (2016) ; the macroeconomic uncertainty index proposed by Jurado, Ludvigson, and Ng (2015) ; the …nancial uncertainty index constructed by Ludvigson, Ma, and Ng (2016) ; the subjective interest rate uncertainty proposed by Istre… and Mouabbi (2017); the categorical measure of monetary policy-related uncertainty produced by Baker, Bloom, and Davis (2016) ; the real-time, real activity related uncertainty index constructed by Scotti (2016) ; and the real-time measure of uncertainty based on the distribution of the forecast errors of real GDP constructed by Rossi and Sekhposyan (2015) . 5 Scotti's (2016) index is available at daily frequencies. We transform it to a monthly index by taking within-month averages. Rossi and Sekhposyan's (2015) index is available at quarterly frequencies. We then correlate such measure with quarterly counterparts of the other proxies for uncertainty cited in the text by taking within-quarter averages of monthly values. We consider the one-year ahead version of Rossi and Sekhposyan's index, which leads to higher correlations with the other proxies considered here than its nowcast counterpart (full set of results available upon request).
6 Following Bloom (2009), we compute the within-month volatility of stock market returns and use it as a proxy for …nancial uncertainty. Source of the data: Datastream. We use this measure of volatility because it covers the whole 2004M1-2016M12 sample. The SP ASX200 VIX for Australia is available starting from January 2008. The correlation between our measure of stock market volatility and the VIX in the sample 2008M1-2016M12 is 0.82.
VAR evidence
VAR investigation. We identify the macroeconomic e¤ects of GTU shocks by modeling selected macroeconomic series with country-speci…c VAR models which read:
X t = (L)X t + " t , where X t is a set of endogenous variables, is a matrix of VAR coe¢cients capturing the dynamics of the system, and " t N (0; ) is the vector of reduced-form residuals having zero-mean and variance-covariance matrix . VARs are estimated via OLS. To make sure that GTU shocks are orthogonal to the other stochastic elements in the econometric framework, we model the impulse vector responsible of the on-impact response of the variables in the vector X t by employing a Cholesky-decomposition of the reduced-form variance covariance matrix . The vector
0 , where GT U t is our GTU index, u t stands for the civilian unemployment rate, P t stands for the price index (modeled in log-level and multiplied by 100), and SR t stands for the shadow-rate constructed by Wu and Xia (2016) , which accounts for unconventional policies during the zero lower bound (ZLB) period. As regards Australia, we model X
0 , where the …rst three variables have the same interpretation given above, R t is the cash rate, and e t is the trade-weighted nominal exchange rate (modeled in log-level and multiplied by 100). 7 We use unemployment to capture the response of real activity due to its availability at monthly frequency (as opposed to, say, real GDP or investment, which are available at quarterly frequency). Apart from the GTU indices, which were Figure 2 shows the impulse responses to a one-standard deviation country-speci…c GTU uncertainty shock. Such a shock generates a signi…cant recessionary and de ‡a-tionary (temporary) reaction in the United States, with a maximum absolute increase in the unemployment rate equal to about 0.15% and a peak decrease of about 0.2% of the price level. This macroeconomic responses, which are in line with those documented by Leduc and Liu (2016) using alternative proxies for uncertainty, are associated to a temporary drop in the federal funds rate. A one-standard deviation GTU shock in Australia generates much more moderate responses of prices and unemployment, with a decrease in the price level equal to 0.02% and a peak variation in unemployment equal to 0.03%. The peak response of the policy rate -a drop in the cash rate of 8 basis point -is comparable to the one in the U.S., possibly also due to the temporary depreciation of the nominal exchange rate (-0.7%). This evidence is similar to Moore's (2016) , who …nds moderate real e¤ects of uncertainty shocks in Australia using his measure of economic uncertainty. Table 2 documents the 4-year ahead forecast error variance decomposition analysis focusing on the contribution of the uncertainty and monetary policy shocks. As regards the United States, the contribution of uncertainty shocks to the volatility of unemployment is as high as 18%, and it is much larger than that of monetary policy shocks (about 5%). Di¤erently, Australia is characterized by a much milder contribution of uncertainty shocks to the volatility of unemployment (about 6%), and a substantial one by monetary policy shocks (almost 30%).
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Wrapping up, our main result is that uncertainty shocks are found to play a much larger role as drivers of the business cycle in the U.S. than in Australia. We interpret this result in light of the literature cited in the Introduction, which points to uncertainty shocks as being particularly harmful for the business cycle when the economy is already weak and conventional monetary policy cannot operate because of the ZLB.
Robustness checks. Our results are robust to: i) ordering uncertainty last in the vectors, which enables us to control for the possible role played by contemporaneous variables in the VAR in a¤ecting uncertainty; ii) modeling di¤erent VAR lags; iii) controlling for global uncertainty pressures proxied by the Global Economic Policy Uncertainty index developed by Davis (2016) ; iv) controlling for uncertainty in China (proxied by the EPU uncertainty index developed by Baker et al. (2016) ). The controls in exercises iii) and iv) are added to the baseline vectors and ordered …rst. All these 8 Shocks to the shadow rate are in part associated to unconventional monetary policy actions. Such actions are captured by the di¤erence between the shadow rate and the federal funds rate. This di¤erence is non-zero during the 2009M1-2015M11 time-span. Hence, the comparison with the e¤ects of Australian monetary policy shocks should be taken with a grain of salt. If anything, modeling unconventional monetary policy shocks -engineered to push the United States out of their period of stagnant growth -works in favor of downplaying the e¤ect of other shocks -uncertainty shocks included -on unemployment in our VAR. In other words, our results in favor of the relatively larger real e¤ects played by uncertainty shocks as opposed to monetary policy shocks in the United States would likely be even stronger if we conditioned on conventional monetary policy shocks only. checks are documented in our Appendix.
Conclusions
This paper constructs novel measures of uncertainty based on Google Trends for the United States and Australia. Such measures are shown to be positively correlated with alternative ones. VAR investigations point to exogenous variations in these measures as being able to predict movements in unemployment in the United States and, to a much lesser extent, in Australia. Future research could exploit the ‡exibility of the Google Trends approach to build measures of uncertainty for di¤erent countries or at a state level. A contribution along the latter avenue is Tran (2017).
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Hence, in the third and last step, the frequency x "
of a word # which we used to construct the index was obtained by computing the ratio
, which "de-links" the frequency of each term i from the set of words (round) it was searched with. Putting back the time and country subscripts, the GTU index was then obtained by summing up the frequencies of the country-speci…c N c search terms in Table A1 as follows:
Robustness Checks
We checked the robustness of our …ndings to perturbations of the lag structure of the Davis (2016) and the Chinese EPU measures constructed by Baker et al. (2016) .
